a b s t r a c t MicroRNAs (miRNAs) are short noncoding RNAs involved in post-transcriptional gene regulation via binding to mRNAs. Studies show that in a multicellular organism microRNAs (miRNAs) downregulate a large number of target mRNAs. However, predicting the target genes of a miRNA is challenging. Microarray expression profiling has been proposed as a complementary method to increase the confidence of miRNA target prediction, but it can become computationally costly or even intractable when many miRNAs and their effects across multiple tissues are to be considered. Here, we propose a statistical method, the relative R 2 method, to find high-confidence targets among the set of potential targets predicted by a computational method such as TargetScanS or by microarray analysis, when expression data of both miRNAs and mRNAs are available for multiple tissues. Applying this method to existing data, we obtain many high-confidence targets in mouse.
Introduction
MicroRNAs (miRNAs), which are single-stranded RNAs of $20-23 nucleotides, posttranscriptionally regulate gene expression. Computational and molecular cloning approaches have revealed hundreds of miRNAs in a variety of organisms (Ambros et al., 2003; Houbaviy et al., 2003; Lim et al., 2003; Kim et al., 2004; Lagos-Quintana et al., 2002; Lau et al., 2001; Lee and Ambros, 2001; Lee et al., 1993) . Many computational methods have been developed to predict miRNA targets; for example, TargetScanS predicts the targets of a miRNA by searching for the presence of conserved 8mer or 7mer sites that match the seed region of the miRNA. A small portion of these predicted targets have been experimentally validated, showing a relatively high accuracy for target prediction (Sethupathy et al., 2006) .
Computational approaches currently use sequence complementarity and most of them also use evolutionary conservation to identify potential targets. It has been suggested that the falsediscovery rate for computationally predicted targets is $50% Farh et al., 2005; Saunders et al., 2007) . Besides the sequence complementarity approach, Grimson et al. (2007) pointed out that a crux for target recognition is $7 nt sites that match the seed region of the miRNA. Since these seed matches are not always sufficient for repression, they uncovered five general features of site context that boost binding efficacy: AU-rich nucleotide composition near the site, proximity to sites for coexpressed miRNAs, proximity to residues pairing to miRNA nucleotides 13-16, positioning within the 3 0 UTR at least 15 nt from the stop codon, and positioning away from the center of long UTRs.
Profiling miRNA expression is very helpful for studying the biological functions of miRNAs, so it has been used to as a complementary method for discovering miRNA targets . However, this method can become computationally complicated when multiple miRNAs and their effects across multiple tissues are to be considered. To overcome this difficulty, we use statistical methods to build up a network of associations between the miRNAs and their target mRNAs.
In this study, the relative R 2 method is proposed to select highconfidence targets from predicted targets. The relative R 2 method can be explained statistically from the degree of fitness of a model in terms of a subset of independent variables. A method for finding miRNA targets using Bayesian variation analysis was recently proposed by Huang et al. (2007) . This method is complicated and requires extensive calculations. We apply our method to the same dataset used in Huang et al. (2007) and select 448 high-confidence targets such that the relative R 2 for each target reaches 0.995, which is considerably higher than those targets predicted by Huang et al. (2007) , whose average relative R 2 is less than 0.9.
Methods
We introduce our method with the usual linear regression model, before considering the general model.
The regression model
Consider n miRNAs, z 1 ; . . . ; z n , and l tissues, t 1 ; . . . ; t l . Assume that the expression levels of the n miRNAs in tissue t j are z 1j ; . . . ; z nj . By prediction methods, such as TargetScanS and microarray analysis, potential targets for each of these n miRNAs can be predicted. Our method is to select high-confidence miRNA targets from the set of the predicted miRNA targets, using microarray expression data.
First, for an mRNA, we can find the miRNAs, say z 1 ; . . . ; z k , from the set of potential targets such that each of the miRNAs has this mRNA as its potential target. Our goal is to find from these k miRNAs the miRNAs that have a significant effect on the expression level of this mRNA. Assume that the expression levels for the mRNA in the l tissues are y 1 ; y 2 ; . . . ; y l . We fit the microarray expression data of the mRNA in terms of the microarray expression of the k miRNAs using the regression model
where j is the error term.
In model (1), the best estimator of given later. Our method of selecting miRNAs that significantly affect the level of the mRNA is first to rank the k miRNAs according to their p-values-the smaller the p-value, the higher the rank. The p-value of miRNA z i is defined as the probability . Note that if the number of the tissues l is small, for obtaining more accurate probability approximation, we may use the T statistic to replace the standard normal random variable W, where the T statistic follows the t distribution.
Rank the miRNA as the jth significant miRNA if its p-value is the jth smallest p-value. Calculate the R 2 for model (1), say g k .
Consider the miRNAs that have a p-value less than a critical value, say p 0 . Since a p-value is an indicator of the significance of the effect of the miRNA to the mRNA, it is reasonable to require that the p-values of the selected miRNAs are not large. For example, we can choose p 0 as 0.5 or less. We suggest choosing p 0 near 0.5 to reduce the chance that too few miRNAs are included in the analysis. Note that p 0 is not the main criterion in this approach; the main criterion is the relative R 2 method. Since the range of p-value is between 0 and 1, we may set the middle point 0.5 as a threshold.
Assume that there are m ðm kÞ miRNAs, z 1 ; . . . ; z m , whose p-values are less than p 0 . We can use the m miRNAs to fit the microarray expression data of the mRNA. The model is Basically, the selection of the p 0 and s values can be based on the proportion of high confidence targets that we intend to obtain from the set of potential targets. We define the value g m =g k as the relative R 2 . Instead of using the standard R 2 , we use the relative R 2 values to evaluate the fitness of model (2). Since, from the potential target set, the k miRNAs are the only miRNAs that have significant effects on the mRNA, and the best R 2 that can be derived from the linear regression model using the k miRNAs, z 1 ; . . . ; z k , is g k , it is reasonable to use the value of g k as a base to evaluate the fitness of a regression model by using some variables in the set of fz 1 ; . . . ; z k g as dependent variables. Therefore, we can use the criterion of comparing g m with g k to select high-confidence miRNAs. It is possible that g k is not high, such as the situation discussed in Section 4 later. Basically, if the correlations between an mRNA and each miRNA are not high across the l tissues, it is unlikely to find a model such that g k is high because there is no strong dependent tendency between the expression of mRNA and the expression of the miRNAs. However, even if g k is not high, it is still possible that the mRNA is the true target for some miRNAs among these k miRNAs. Thus, we can use the relative R 2 method to select a set of more significant miRNAs, which simultaneously affect the expression of the mRNA. Using the method, for each mRNA, we can assign a set of miRNAs such that these miRNAs significantly affect the expression of the mRNA in terms of the linear model. For a miRNA, we can collect the set of mRNAs such that each mRNA in the set is a significant potential target of this miRNA by the relative R 2 method. Then the mRNAs collected are the high-confidence targets of this miRNA.
Note that in order to eliminate the difference between the different tissues used in the analyses, we can first transform the expression data of mRNAs by normalizing the data in each tissue such that the scale of the expression data used in each tissue is the same. We use the normalized expression data when we apply the above approach to select high-confidence targets.
General model
The linear model used in Section 2.1 can be replaced by another kind of model, such as a nonlinear regression model. For a
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general model to fit the y i by using fZ 1 ; . . . ; Z k g, assume that f 
Data analyses
We now apply the new method to the data of Babak et al. (2004) , which was used by Huang et al. (2007) . The data set includes 1770 potential targets for 22 miRNAs across 17 tissues, which were predicted by Target-Scan in a dataset of 41 699 mouse mRNAs in Babak et al. (2004) and Zhang et al. (2004) . The 1770 potential targets are from 788 different mRNAs because some miRNAs have the same mRNA as their targets. The microarray expressions of the 41 699 mRNAs across the 17 tissues can be represented by a 41 699 Â 17 matrix, and the microarray expressions of the 22 miRNAs across the 17 tissues can be represented by a 22 Â 17 matrix. (The 22 miRNAs studied are let-7a, miR-1, miR-101, miR-107, miR-122a, miR-124a, miR-125b, miR-126, miR-133a, miR-16, miR-181a, miR-183, miR-194, miR-205, miR-22, miR-23b, miR-24, miR-26a, miR-29b, miR-34a, miR-92, and miR-93 ; and the 17 tissues studied are brain, femur, lung, heart, skeletal muscle, mammary gland, teeth, bladder, stomach, ES, spleen, embryo 12.5, embryo, placenta 9.5, embryo 9.5, small intestine, liver.)
To apply the relative R 2 method to an mRNA in the 788 mRNAs,
we first normalize the expression data of the mRNAs using the 41 699 expression data for each tissue. The normalization method is first to calculate the mean and standard deviation of the 41 699 expression values for each tissue. Then, for each tissue, the normalized expression data is the original expression data minus the mean and then divided by the standard deviation. Since the data set included 41 699 expression data points, we can use it as a reference to make the normalization such that the scale used in the expression data of mRNA for each tissue is the same. We find the miRNAs such that the mRNA is one of the potential targets of these miRNAs from the 1770-target dataset, and then use a regression model to fit the normalized expression data of the mRNA. Huang et al. (2007) used the Bayesian variation method to derive high-confidence targets. This method is more complicated and computationally more costly than the relative R 2 method.
Using the present method, we can select high-confidence targets such that the relative R 2 for each target reaches 0.995, given p 0 ¼ 0.47. A total of 448 high-confidence targets are found and the average relative R 2 for these 448 targets is 0.999. Here the p 0 value is selected such that the number of about one-fourth targets in the 1770 targets can be selected by the method with the relative R 2 reaching 0.995.
The above dataset can also be used to conduct a random permutation test of our method. We test whether our method can select more high-confidence targets from the set of the 1770 potential targets predicted by TargetScanS than from a set that is constructed by randomly assigning each one of the 1770 targets to one of the 22 miRNAs. The random permutation was repeated 10 times, and the average number of selected high-confidence targets over 10 times was 336 (sdE27), which is significantly lower than 448, the number of high-confidence targets found by our method (see above) with a p-value of 1:4 Â 10 À10 . The p-value is derived from viewing the two proportions of the selected targets by the random permutation method and the relative R 2 method as the proportions of two binomial distributions and from testing the equality of the two proportions by the normal approximation.
In addition, we also compare the targets shared between the random permutation case and the selected high-confidence targets. The average number of the shared targets from several comparisons is 25. So most of the selected high-confidence targets are not the same as the targets selected by random permutation. This result upholds the relative R 2 method because (i) the method can select more targets than random permutation and most of the high-confidence targets are not the same as the targets selected by random permutation, and (ii) the method gives accordant results between the expression data analyses and TargetScanS analyses.
To make a more extensive comparison with the random permutation case, we conduct simulations for different cases by varying the values of p 0 and s. Figs. 1 and 2 show that the numbers of high-confidence targets selected from the 1770 potential targets are always greater than the numbers selected from the random permutation case. Fig. 1 shows that the difference between the two numbers increases with p 0 , which reinforces the argument in Section 2 that the condition about the constraint of p 0 should not be too strict; otherwise, the advantage of the relative R 2 method is limited by this constraint.
In addition, in Table 1 we present several sets of p 0 and s values for each of which the number of the selected targets by the relative R 2 method with respect to these values is close to 450.
It is seen that p 0 is an increasing function of s when the proportion of the selected targets is set to be a fixed value. To obtain a fixed proportion of targets, there are more than one set of p 0 and s values that can be chosen and the targets selected may be different with respect to different p 0 and s. One may be interested in which set is more appropriate here. As we mentioned above, it is not recommended to choose a small p 0 because it may confine the overall performance of the relative R 2 method. Besides, from the correlation analysis in Section 4, the confirmed targets and miRNA may not have a high correlation when we investigate their relations individually, but can reveal the relation when we consider their overall performance by the relative R 2 method.
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It corroborates the view that the selection of p 0 should be more relaxed, while the selection of s can be more strict. Therefore, we select p 0 as 0.47 and s as 0.995.
The ratio of the number of high-confidence targets found by our method to the total number of the potential targets (1770) for each of the 22 miRNAs is shown in Fig. 3 .
We can also check our analysis with the literature. We recover several confirmed targets from the literature (Bartel, 2004; Cimmino et al., 2005; Farh et al., 2005; Lim et al., 2005; Lewis et al., 2005; Supplemental Data for Lewis et al.) . These include the relationships between miR-92 and the mitogen-activated protein kinase kinase 4 (MAP2K4) gene, between miR-16 and the B-cell CLL/lymphoma 2 (BCL2) gene, between miR-124a and the solute carrier family 15 member 4 protein (SLC15A4) gene, and between miR-124a and the homeodomain interacting protein kinase 1 (HIPK1) gene. We also recover the relationship between miR-181a and the B-cell CLL/lymphoma 2 (BCL2) from Tarbase (Sethupathy et al., 2006) .
Discussion
The relative R 2 method is proposed to analyze the data from the relative instead of from the absolute statistical point of view. If the correlation between the mRNA and miRNA is high, then we can directly adopt a standard statistical method to explore the high confidence targets. However, when the correlation between the mRNA and miRNA is not high, it is challenging to develop a statistical method to select correct targets. In such a case, if we use a standard statistical criterion, such as a high R 2 to select the highconfidence targets mRNAs, then no confirmed target mRNAs may be selected. In this case, it would be better to use a variable standard that is dependent on the mRNA and miRNAs under study, rather than using a single standard for all genes. The relative R 2 method can provide a variable standard to solve this problem. We now discuss the relation between the confirmed targets and the miRNA by exploring their correlation coefficients and relative R 2 values. For analyzing the data and investigating the relationship of the miRNAs and their targets, before modeling the data, a good way is to investigate the relation of the miRNA with each individual potential target. Although this study is to find the effect of multiple miRNAs on a target, rather than the effect of a single miRNA, understanding the connection between the target mRNA and a miRNA is helpful for reinforcing the validity of the proposed method. For example, let us consider the three mRNAs, HIPK1, MAP2K4 and BCL2, mentioned in Section 3 and explore the relationship between their correlation coefficient and the R 2 value.
First, consider the HIPK1 mRNA, which is a potential target for the four miRNAs, miR-124a, miR-181a, miR-26a and miR-92. Although we are interested in knowing how the four miRNAs affect the expression of the mRNA, we also can investigate the relationship between the expression of each miRNA and the expression of HIPK1. The correlation coefficients of the expression for the four miRNAs with the expression of HIPK1, across the 17 tissues, are shown in Fig. 4 .
By using the relative R 2 method, three of the four miRNAs are selected such that its relative R 2 reaches 0.995. The three selected miRNAs are miR-124a, miR-181a and miR-92 and their correlation coefficients with the HIPK1 mRNA are À0.566, 0.151 and À0.116, respectively, (Fig. 4(a) ). Note that miR-26a, which is not selected, has the largest correlation coefficient 0.333. The correlations of two of the three selected miRNAs are negative, in agreement with the expectation that a miRNA usually downregulates its target mRNAs (Farh et al., 2005; Lim et al., 2005) . between HIPK1 and the four miRNAs are not high. Therefore, it is hard to construct a model to fit the expression data of HIPK1 in terms of the expression data of the four miRNAs. So, if we use the standard R 2 value, we may not be able to select any one of the three miRNAs, though one of the relations is confirmed in the literature. On the other hand, if we use the relative R 2 method by comparing the ratio of 0.621/0.622 to 1, the confirmed relationship can be selected. For the confirmed MAP2K4 mRNA and its corresponding miRNA miR-92, their correlation coefficient is À0.030 and the R 2 is 0.198 (Fig. 4(b) ). For the confirmed BCL2 mRNA and its corresponding miRNA miR-16 (Fig. 4(c) ), their correlation coefficient is À0.027 and the R 2 is 0.104. Therefore, if we use the correlation coefficient or R 2 to select high confidence targets, these two confirmed mRNAs will not be selected. Because the two correlation coefficients are À0.030 and À0.027, we do not expect the two confirmed mRNAs to be selected by any statistical method from the absolute point of view. Instead, we need to use the relative criterion to select the targets because the coefficients of other miRNAs in the potential targets dataset are also not high. By including the other miRNAs in the potential targets dataset, we can construct the relative criterion to select the miRNAs such that the effects of the miRNAs on the expression level of the mRNA are found to be significant. In addition, we present the overlap of the selected targets between Huang et al. (2007) and the relative R 2 method in Fig. 5 .
The total number of overlaps for the 22 miRNAs is 142. The overlap numbers for the three miRNAs, miR-126, miR-183 and miR-122a, are zero. The total overlap number is not large, perhaps because the correlation between the miRNA and their targets mRNA is not high, which was validated from several confirmed relationship as we mentioned above. This may lead to the variation between different statistical approaches. Besides, to estimate the accuracy of the relative R 2 method, we compare the number of relationship appeared in Tarbase, but not found in the relative R 2 method from the 1770 potential relationships. We found only two Tarbase interactions in the 1770 potential targets: the relationship between miR-181a and BCL2 mRNA and the relationship between miR-181a and HOXA11 mRNA. Only the relationship between miR-181a and BCL2 mRNA appeared in the 448 selected targets by relative R 2 method and in those selected by Huang et al. (2007) . However, the other relationship between miR-181a and HOXA11 mRNA can be selected by the relative R 2 method if we relax the criteria by choosing p 0 ¼ 0:67 and s ¼ 0:9999, which leads to 715 selected targets. Note that at first we set up p 0 as 0.47 and s as 0.995, because we intended to obtain 25% of the targets ($450) among the 1770 potential targets as the high-confidence targets. But to coincide with Tarbase interactions, we can use the above new thresholds to select targets. The ratio of the number of the selected targets to the number of the potential targets is 715=1770 % 0:4. Thus, if we relax the thresholds to include 40% of the potential targets selected, then the two relationship found in Tarbase can be selected. In summary, from the above discussions, combining results from the confirmed targets and theoretical statistical inference to develop methods for exploring the relationship between miRNA and mRNA can be more useful. 
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